1. Introduction {#SEC1}
===============

Consider the following simple but common examples of data integration.

We have a set of individuals whose disease status is observed. We also measure different facets of individual genes, such as mRNA expression, protein expression, RNAseq expression, and so on. The question is: which genes affect the disease in any of the different ways the genes are measured? In this example, the gene is a predictor, which can be assessed in a number of ways through different measurement processes or experiments.

Suppose that the individual is assessed through various responses, measurement mechanisms or experiments, while the predictor is the same across these experiments, and we want to examine which predictor affects any of the responses.

We consider a formulation that includes both examples as well as combinations of them. We recognize that the marginal probability densities of the responses will be different among experiments and the measurements from different experiments can be correlated, as they would be in both of the examples above. Our goal is to combine the various marginal likelihoods in an appropriate manner and perform inference based on a pseudolikelihood and an information criterion that we develop, doing so in such a way as to allow the number of informative predictors to tend to infinity as the sample size increases.

One way to approach Example 1 is to pool the different means of measuring the gene and apply a version of the group lasso, the group being the gene. The group penalty was first formulated in a 1999 Australian National University PhD thesis by S. Bakin and later used to solve group selection problems by [@B36]. The group penalty penalizes the $\documentclass[12pt]{minimal}
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}{}$L_2$\end{document}$-norm of the grouped parameter vector, so it is able to select predictors based on their overall strengths across experiments. Alternatively, penalty functions such as the smoothly clipped absolute deviation penalty ([@B6]) and the minimax concave penalty ([@B37]) can also be employed in the group penalization scheme.

The group penalization of pooled parameters of the same covariates is not appropriate for Example 2, nor is it applicable to combinations of Examples 1 and 2. A joint model is needed for the multiple responses across the experiments. If such a model is difficult to specify, pooling all marginal likelihoods is appropriate for the examples discussed above. However, to the best of our knowledge, the asymptotic properties of group penalized estimation using pseudolikelihood have not been studied in the literature.

If there is one response and one set of predictors, the extended Bayesian information criterion with an appropriate penalty term has been shown to be selection consistent, where the total number of predictors tends to infinity and the number of true predictors is bounded by a constant ([@B3]). [@B11] proposed a risk inflation criterion for multiple regression. To handle settings where the number of true predictors is unbounded, [@B37] proposed a corrected risk inflation criterion, and [@B19] proposed a generalized information criterion with modified penalty terms. The consistency of both criteria has been established only for the linear regression model. The problem of how to design the penalty term for an information criterion to deal with a varying true model size remains open. We aim to find an appropriate penalty term for the Bayesian information criterion under likelihood settings where the true model size is unbounded. We extend the results to a pseudolikelihood information criterion, thus including both Examples 1 and 2 as well as combinations of them. Model selection consistency requires various assumptions, including uniform boundedness of all predictors, an assumption also made by [@B20] and [@B19].

Pseudolikelihood ratio-type statistics asymptotically follow a weighted chi-squared distribution. This cannot directly provide an upper bound for the tail probability at a given sample size. Non-asymptotic sharp deviation bounds have been computed by [@B27] for quadratic forms based on their exact distributions. We use large deviation theory to bound from above the tail probabilities at any given sample size. Our work establishes the consistency of a pseudolikelihood information criterion for divergent true model size.

2. Pseudolikelihood formulation of data integration {#SEC2}
===================================================
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As mentioned previously, standard group selection of variables is applicable to Example 1 but not Example 2. [@B36] considered group selection and proposed the group lasso. [@B23] showed that the group lasso for logistic regression yields sparse estimates which are globally consistent in terms of estimation error. [@B25], [@B1] and [@B39] proved selection consistency of the group lasso under regularity conditions. While the group lasso possesses excellent prediction and estimation properties, its variable selection consistency depends on a so-called irrepresentability condition, which requires low correlations between significant and insignificant predictors. This condition is difficult to satisfy when $\documentclass[12pt]{minimal}
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}{}$p_n \gg n$\end{document}$ ([@B16]). The group lasso tends to overshrink large parameters, because the rate of penalization does not change with the size of the parameters, yielding biased estimates of large parameters ([@B6]). Besides the lasso penalty ([@B28]), many other types of penalty functions have been proposed, including the smoothly clipped absolute deviation penalty ([@B6]) and the minimax concave penalty ([@B37]). These two penalties can achieve both selection consistency and asymptotic unbiasedness. This was extended to the group smoothly clipped absolute deviation penalty and the group minimax concave penalty by [@B33], [@B16] and [@B15]. However, no existing work deals with grouped penalization of a pseudolikelihood, which is required for Example 2. In this paper, we focus on the grouped smoothly clipped absolute deviation penalty for pseudolikelihood and establish its properties in high-dimensional models.
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Assumption 1--3 are standard in likelihood theory and are analogous to those used in [@B35] and [@B20].
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If the regression covariates are uniformly bounded in absolute value by a constant $\documentclass[12pt]{minimal}
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Similarly it can be verified that in generalized linear models, other densities from exponential families satisfy this assumption if the absolute regression covariates are uniformly bounded.
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In the literature, group penalization has been studied only in true likelihood settings. We establish the oracle property of group penalization in the pseudolikelihood setting. Our results show that group penalization using the smoothly clipped absolute deviation penalty is asymptotically model-selection consistent even when the marginal likelihoods are correlated. For the group lasso to be model-selection consistent, the irrepresentability condition ([@B24]; [@B40]; [@B41]; [@B1]) is required. Thus the capacity for the group lasso to be selection consistent is constrained regardless of the strength of the model signals ([@B7]). In contrast, the group smoothly clipped absolute deviation penalty requires less stringent conditions. Provided the coefficient sizes of the nonzero parameters are sufficiently far from zero at the rate specified in Assumption 5, the oracle property of the group smoothly clipped absolute deviation penalty can be established for a local maximizer of the penalized pseudo-loglikelihood. For such a local maximizer to be the unique local maximizer in a certain restricted model space requires the sparse Riesz condition ([@B37]), which is similar to but less stringent than the irrepresentability condition ([@B20]).

4. Pseudolikelihood information criterion {#SEC4}
=========================================

Although different data sources have various densities and parameters, in our context they share the same set of predictors. Aggregating different information criteria can boost the power to select the correct set of predictors. Given all competing models, consistent model selection identifies the smallest correct model with probability tending to $\documentclass[12pt]{minimal}
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We propose to aggregate the information in a linear manner. Our proposed pseudolikelihood information criterion is $$\begin{array}{r}
{\text{pseu} - {\text{BIC}(s) = - 2\ell_{I}({\hat{\theta}}_{I};Y) + d_{s}^{\ast}\gamma_{n},}} \\
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Most consistency results for model selection criteria have been established for a bounded model $\documentclass[12pt]{minimal}
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Unlike in linear regression, pseudolikelihood-type statistics asymptotically follow a weighted chi-squared distribution. It is difficult to bound the tail probability at a given sample size $\documentclass[12pt]{minimal}
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This implies that if the conditions in Definition 1 hold, we can apply large deviation results to the pseudolikelihood ratio-type statistics arising in our analysis. Next, we assume the cumulant boundedness conditions for the derivatives of the pseudo-loglikelihood. We also make assumptions about the distances between the true null model and the competing models.
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Consider generalized linear models with densities from an exponential family. Assume that the link function is three-times continuously differentiable, all the absolute values of the covariates are uniformly bounded and the linear predictors are bounded. Then Assumption 6 is satisfied. For example, if the density is binomial and the canonical link is used, the boundedness of $\documentclass[12pt]{minimal}
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This assumption regarding the identifiability of the underlying true model allows the pseudo-Kullback--Leibler distance between the true model and the competing models to tend to zero at a certain rate. Similar identifiability conditions were assumed in [@B3] and [@B8]. For example, if the limiting minimum distance is a constant, then the assumption is easily satisfied. For nontrivial cases, we allow the minimum distance to approach zero provided that it converges to zero more slowly than $\documentclass[12pt]{minimal}
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Theorem 3 demonstrates that, with an appropriate penalty term, the [bic]{.smallcaps}-type information criterion based on compounded marginal likelihoods from different sources can be selection consistent, even if the underlying true model size tends to infinity. This result includes the usual [bic]{.smallcaps} based on the true likelihood as a special case with $\documentclass[12pt]{minimal}
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5. Simulations {#SEC5}
==============

5.1. Continuous responses {#SEC5.1}
-------------------------
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We used the group smoothly clipped absolute deviation penalty function to perform feature selection and used the pseudolikelihood information criterion to select the tuning parameters. For group penalized estimation, we used the group descent algorithm proposed by [@B2]. With regard to the penalty term, Theorem 3 provides a theoretical value of $\documentclass[12pt]{minimal}
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5.2. Continuous responses with correlations between predictors and nonpredictors {#SEC5.2}
--------------------------------------------------------------------------------

We investigated the performance of the proposed method with the group smoothly clipped absolute deviation penalty and the group lasso penalty when there are correlations between predictors and nonpredictors. This setting violates the strong irrepresentability condition and thus affects the performance of the lasso penalty. We conducted four different experiments. The covariates $\documentclass[12pt]{minimal}
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5.3. Multiple experiments with varying quality of information {#SEC5.3}
-------------------------------------------------------------

Our third simulation examines the performance of our method when experiments contain different amounts of information. The sizes of the nonzero parameters are different across four different experiments. In the first case, all experiments provide information relating the predictors and the responses. The nonzero parameters $\documentclass[12pt]{minimal}
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5.4 Mixtures of continuous and binary responses {#SEC5.4}
-----------------------------------------------

Our fourth simulation examines the performance of our method on data with correlated continuous and binary responses and $\documentclass[12pt]{minimal}
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6. Data analysis {#SEC6}
================

First we applied our method to Example 1 discussed in § [1](#SEC1){ref-type="sec"}. The data consist of two different microarray experiments on breast cancer cells ([@B32]; [@B17]). In the first experiment, the gene expression profiles from total RNA were obtained from frozen tumour samples from lymph-node-negative patients who had not received adjuvant systemic treatment. In the second experiment, pretreatment fine-needle aspirations from primary tumours were obtained and RNA was extracted and hybridized to microarrays. Because of the different experimental protocols, the two sets of gene expression profiles are globally different. Both experiments were conducted to study the difference in gene expression profiles between estrogen-receptor-positive and estrogen-receptor-negative patients. The training dataset consists of a total of 170 samples, with 35 samples from the estrogen-receptor-positive patients and 50 samples from the estrogen-receptor-negative patients. In [Figs. 1 (a)](#F1){ref-type="fig"} and [(b)](#F1){ref-type="fig"}, the heatmaps of the two experiments are shown. The objective of the analysis is to combine the data from the two experiments and find a common set of candidate genes to classify the estrogen-receptor-positive and estrogen-receptor-negative cases. For each of the experiments, we constructed a logistic model with the two subclasses as the binary responses and the expression levels of all the genes as the covariates. We applied our method and used the group smoothly clipped absolute deviation penalty to penalize the regression coefficients. With increasing penalty size, we obtained a shorter list of genes. [Figures 1 (c)](#F1){ref-type="fig"} and [(d)](#F1){ref-type="fig"} show the selected genes when the candidate list has been reduced to four candidates. The selected top candidates exhibit consistent significant differential behaviour in the two experiments. The logistic models based on the selected four covariates were used to classify the subclasses of a different validation dataset, which contains 13 samples from the first experiment and 54 samples from the second experiment. Among the 67 validation samples, 16 samples were misclassified. The overall accuracy rate of the classification on the validation data was 76%.

Fig. 1.Panels (a) and (b) show heatmaps of the microarray gene expression profiles from the two experiments in [@B32] and [@B17], respectively; only the first 30 genes are depicted in the heatmaps. Panels (c) and (d) display the heatmaps of the gene expression levels of the four selected genes from both experiments; + signs denote estrogen-receptor-positive samples and $\documentclass[12pt]{minimal}
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Second, we applied our method to Example 2 discussed in § [1](#SEC1){ref-type="sec"}. The dataset consists of financial market indices. We are interested in three indices, the S&P 500 index, the Dow Jones index and the VIX index. The VIX is a measurement of implied volatility of the S&P 500 index and is highly negatively correlated with it. The S&P 500 and Dow Jones are positively correlated. The 46 covariates are the major international equity indices, the North American bond indices, and the major commodities indices. The goal of the analysis is to select a subset of covariates to model the S&P 500, Dow Jones and VIX indices. The training dataset consists of three-year market performances of the S&P 500 index, the Dow Jones index and the VIX index along with the 46 covariates. For each index, the value used in the analysis is $\documentclass[12pt]{minimal}
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}{}$\times 100$\end{document}$. There are a total of 232 records, with three-day spacing between the values. The values are not autocorrelated at a 5% significance level.

For each response, we constructed a linear regression model based on the same set of covariates. We used both the group lasso penalty and the group smoothly clipped absolute deviation penalty. The subset selected by the group lasso contains 37 covariates, while the subset obtained by the group smoothly clipped absolute deviation penalty contains 34 covariates. The two methods had 31 covariates in common. In order to validate the submodels, we used the model built from the training dataset to perform prediction on a different validation dataset of 232 records. [Table 6](#T6){ref-type="table"} shows the sum of squared prediction errors for the submodels selected by the group smoothly clipped absolute deviation penalty and the group lasso penalty and for the full model, together with the total sum of squared variation in the responses. Both selected submodels have small prediction errors compared with the total variation in the responses in the validation dataset. The submodel selected by the group smoothly clipped absolute deviation penalty has smaller prediction errors than that selected by the group lasso in two out of the three responses.

Table 6.*Sum of squared prediction errors of selected subset models and the full model for three responses in the financial market indices data*ModelVIXS&P 500Dow Jones[sspe]{.smallcaps} of submodel by group [scad]{.smallcaps}4930$\documentclass[12pt]{minimal}
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7. Discussion {#SEC7}
=============

A missing data problem arises if some predictors have not been measured in some of the experiments. To see the possible difficulties, for simplicity let us consider linear models with observations $\documentclass[12pt]{minimal}
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 & & \left. \, \middle| n^{1/2}A_{nr}\{ V^{(1)}(\theta^{\ast})\}^{- 1/2}\left\{ H^{(1)}(\theta^{\ast}) + n^{- 1}\nabla_{1}^{2}(\theta^{\ast}) \right\}\left. ({\hat{\theta}}_{a} - \theta_{a}^{\ast}) \right| \right. \\
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{- 2\{\ell_{I}({\hat{\theta}}_{s}) - \ell_{I}({\hat{\theta}}_{T})\}} & {\, \geq - 2\left\lbrack \,\max\limits_{s \in S_{-}}\{\ell_{I}({\hat{\theta}}_{s}) - \ell_{I}(\theta_{s}^{\ast})\} \right\rbrack + 2\{\ell_{I}({\hat{\theta}}_{T}) - \ell_{I}(\theta_{T}^{\ast})\}} \\
 & {\,\quad + 2\left\lbrack \lambda_{T|s}(Y) - E_{\theta_{T}^{\ast}}\{\lambda_{T|s}(Y)\} \right\rbrack + 2E_{\theta_{T}^{\ast}}\{\lambda_{T|s}(Y)\}} \\
 & {\, = O_{p}(s_{n}\log p_{n}) + O_{p}\{(ns_{n}\log p_{n})^{1/2}\} + 2E_{\theta_{T}^{\ast}}\{\lambda_{T|s}(Y)\}\text{.}} \\
\end{array}$$

This means that $$\min\limits_{s \in S_{-}}\text{pseu-}{\text{BIC}(s) - \text{pseu-}{\text{BIC}(T) \geq \min\limits_{s \in S_{-}} - 2\{\ell_{I}({\hat{\theta}}_{s}) - \ell_{I}({\hat{\theta}}_{T})\} + \gamma_{n}(d_{s}^{\ast} - d_{T}^{\ast})\text{.}}}$$
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For an overfitting marginal model $\documentclass[12pt]{minimal}
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{\text{pseu-}{\text{BIC}(s) - \text{pseu-}{\text{BIC}(T)}}} & {\, =} & {\, - 2\{\ell_{I}({\hat{\theta}}_{s}) - \ell_{I}({\hat{\theta}}_{T})\} + (d_{s}^{\ast} - d_{T}^{\ast})\gamma_{n}} \\
 & {\, \geq} & {\, - \max\limits_{s \in \mathcal{S} +}Q_{s/T} + (d_{s}^{\ast} - d_{T}^{\ast})\gamma_{n} + o_{p}(1)\text{.}} \\
\end{array}$$
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 & & {\, = \sum\limits_{s \in S +}{pr}\{ Q_{s/T}^{\ast} > p_{G} + p_{G}(\gamma_{n}/a^{2} - 1)\}} \\
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\begin{array}{cl}
{{pr}\left( {n^{- 1/2}\sum\limits_{i = 1}^{n}Z_{i} > b_{n}} \right)} & {\, \leq E\left\lbrack {\exp\left\{ {t\left( {n^{- 1/2}\sum\limits_{i = 1}^{n}Z_{i} - b_{n}} \right)} \right\}} \right\rbrack} \\
 & {\, = \exp\left\{ t^{2}/2 + {\overline{g}}^{(3)}(t^{\ast}/n^{1/2})t^{3}/(6n^{1/2}) - b_{n}t \right\} = \exp\lbrack(t^{2}/2)\{ 1 + o(1)\} - b_{n}t\rbrack\text{.}} \\
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*Under Assumptions 1--7,* $$\begin{array}{cl}
 & {\,\max\limits_{s \in \mathcal{S}}\left| {\sum\limits_{i = 1}^{n}\ell_{I}(\theta_{s}^{\ast};Y_{(i)}) - E\{\ell_{I}(\theta_{s}^{\ast};Y_{(i)})\}} \right| = O_{p}\{(ns_{n}\log p_{n})^{1/2}\},} \\
 & {\,\max\limits_{s \in \mathcal{S}}\left| {\sum\limits_{i = 1}^{n}\partial\ell_{I}(\theta_{s}^{\ast};Y_{(i)})/\partial\theta_{j}} \right| = O_{p}\{(ns_{n}\log p_{n})^{1/2}\},} \\
 & {\,\max\limits_{s \in \mathcal{S}}\left| {\sum\limits_{i = 1}^{n}\partial^{2}\ell_{I}(\theta_{s}^{\ast};Y_{(i)})/(\partial\theta_{j}\partial\theta_{k}) - E\{\partial^{2}\ell_{I}(\theta_{s}^{\ast};Y_{(i)})/(\partial\theta_{j}\partial\theta_{k})\}} \right| = O_{p}\{(ns_{n}\log p_{n})^{1/2}\},} \\
 & {\,\max\limits_{s \in \mathcal{S}}\left| {\sum\limits_{i = 1}^{n}\partial^{3}\ell_{I}(\theta_{s};Y_{(i)})/(\partial\theta_{j}\partial\theta_{k}\partial\theta_{l}) - E\{\partial^{3}\ell_{I}(\theta_{s};Y_{(i)})/(\partial\theta_{j}\partial\theta_{k}\partial\theta_{l})\}} \right| = O_{p}\{(ns_{n}\log p_{n})^{1/2}\},} \\
\end{array}$$ *with $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$j,k,l \in \{vw: v=1,\ldots,K;\,w=1,\ldots,d_s\}$\end{document}$ and $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\|\theta_s-\theta_s^*\|\leq \delta$\end{document}$.*

Because $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\ell_I(\theta_s^*;Y_{(i)})$\end{document}$ satisfies the cumulant boundedness condition in Definition 1, its first and second moments are bounded uniformly. Given a model $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$s,$\end{document}$ by Lemma A5, $${pr}\left( \sum\limits_{i = 1}^{n}\left\lbrack \ell_{I}(\theta_{s}^{\ast};Y_{(i)}) - E\{\ell_{I}(\theta_{s}^{\ast};Y_{(i)})\} \right\rbrack/{Var}\{\ell_{I}(\theta_{s}^{\ast};Y_{(i)})\} > (2 \cdot 1ns_{n}\log p_{n})^{1/2} \right) = o(p_{n}^{- s_{n}})\text{.}$$

Because there are $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$p_n^{s_n}$\end{document}$ models in the model space, by the Bonferroni inequality, $${pr}\left( {\max\limits_{s \in \mathcal{S}}\sum\limits_{i = 1}^{n}\left\lbrack \ell_{I}(\theta_{s}^{\ast};Y_{(i)}) - E\{\ell_{I}(\theta_{s}^{\ast};Y_{(i)})\} \right\rbrack > C(2 \cdot 1ns_{n}\log p_{n})^{1/2}} \right) \leq o(p_{n}^{- s_{n}})p_{n}^{s_{n}}\rightarrow 0,$$ where $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$C$\end{document}$ is the upper bound for $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\mathrm{Var}\{\ell_I(\theta_s^*;Y_{(i)})\}$\end{document}$. Similar arguments apply to the results for the first, second and third derivatives of the pseudo-loglikelihood. □

[^1]: DI, data integration method; SA, single-experiment analysis; [psr]{.smallcaps}, positive selection rate; [fdr]{.smallcaps}, false discovery rate; [std]{.smallcaps}, sample standard deviation of [psr]{.smallcaps} and [fdr]{.smallcaps} from 100 simulations; $\documentclass[12pt]{minimal}
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    }{}$c$\end{document}$, the free multiplicative constant for the penalty.

[^2]: [scad]{.smallcaps}, smoothly clipped absolute deviation penalty; [psr]{.smallcaps}, positive selection rate; [fdr]{.smallcaps}, false discovery rate; [sse]{.smallcaps}, sum of squared errors of the penalized estimate $\documentclass[12pt]{minimal}
    \usepackage{amsmath}
    \usepackage{wasysym} 
    \usepackage{amsfonts} 
    \usepackage{amssymb} 
    \usepackage{amsbsy}
    \usepackage{upgreek}
    \usepackage{mathrsfs}
    \setlength{\oddsidemargin}{-69pt}
    \begin{document}
    }{}$\|\hat{\theta}-\theta\|_2^2$\end{document}$, multiplied by 100; $\documentclass[12pt]{minimal}
    \usepackage{amsmath}
    \usepackage{wasysym} 
    \usepackage{amsfonts} 
    \usepackage{amssymb} 
    \usepackage{amsbsy}
    \usepackage{upgreek}
    \usepackage{mathrsfs}
    \setlength{\oddsidemargin}{-69pt}
    \begin{document}
    }{}$r$\end{document}$, the correlation between true predictors and false predictors; [std]{.smallcaps}, sample standard deviation of [psr]{.smallcaps}, [fdr]{.smallcaps} and [sse]{.smallcaps} computed from 100 simulations.
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    }{}$c$\end{document}$, the free multiplicative constant for the penalty; DI, data integration method; SA, single-experiment analysis; [psr]{.smallcaps}, positive selection rate; [fdr]{.smallcaps}, false discovery rate; [std]{.smallcaps}, sample standard deviation of [psr]{.smallcaps} and [fdr]{.smallcaps} from 100 simulations.

[^5]: [sspe]{.smallcaps}, sum of squared prediction errors; [scad]{.smallcaps}, smoothly clipped absolute deviation.
